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ABSTRACT
Transcription factor binding sites (TFBSs) are short
DNAsequences interacting withtranscription factors
(TFs), which regulate gene expression. Due to the
relatively short length of such binding sites, it is
largely unclear how the specificity of protein–DNA
interaction is achieved. Here, we have performed
a genome-wide analysis of TFBS-like sequences
for the transcriptional repressor, RE1 Silencing
Transcription Factor (REST), as well as for several
other representative mammalian TFs (c-myc, p53,
HNF-1 and CREB). We find a nonrandom distribution
of inexact sites for these TFs, referred to as highly-
degenerate TFBSs, that are enriched around the cog-
nate binding sites. Comparisons among human,
mouse and rat orthologous promoters reveal that
these highly-degenerate sites are conserved signifi-
cantly more than expected by random chance, sug-
gesting their positive selection during evolution. We
propose that this arrangement provides a favor-
able genomic landscape for functional target site
selection.
INTRODUCTION
Transcription factor binding sites (TFBSs) are short stretches
of DNA (usually 6–20 bp) often found in promoters (1).
TFBSs are recognized speciﬁcally by the DNA binding
domain of transcription factors (TFs), which in turn interact
with other TFs or the basal transcription apparatus to activate
or repress target gene expression. The genomic distribution
of TFBSs and the interaction between TFs and their cognate
binding sites are central in deciphering gene regulatory net-
works. Previously, both experimental (2–7) and computational
(8,9) methods have been developed to identify TFBSs in dif-
ferent scales and at different resolutions.
Vertebrate TFBSs are usually degenerate and a number of
sequence variations of a TFBS can be functionally related to
binding afﬁnity. This implies that nature has evolved a system
for maintaining a robust response independent of binding
speciﬁcity, such that the impact of most mutations within
the site is relatively small and not lethal. In some cases dif-
ference in binding afﬁnity plays a role in subtle regulation of
gene expression. On the other hand, a wide dispersion of
highly degenerate TFBS-like sequences exists in genomes
that would seemingly result in a large number of nonspeciﬁc
interactions or even promiscuous bindings to non-functional
pseudosites (10). Therefore, mechanisms explaining robust
transcriptional responses must take into account redundancy
within and outside the cognate binding site. In support of this
idea, the speciﬁcity of protein–DNA interactions is known to
depend, at least in part, on the genomic context around target
sites, which serves as a system for guiding target site selection.
For example, the veracity of a potential TFBS correlates with
the positioning of nucleosomes (11), GC content and CpG
islands (12), co-operativity of cis-regulatory modules (13)
and preferential spacing between TFBSs and transcription
start sites (TSSs) (14).
Here, we present a systematic study of the distribution
of inexact TFBS-like sequences, referred to as highly-
degenerate TFBSs. Due to the high degeneracy and ubiquitous
occurrences throughout the genome, these sequences are
unlikely to bind TFs with enough afﬁnity to achieve speciﬁ-
city. However, by deﬁnition, they do bear higher similarity
with cognate binding sites than random sequences. Previous
perspectives have ascribed to these sequences, which are
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efﬁcient target site selection (10,15). In systematically exam-
ined highly-degenerate TFBSs for the transcriptional repressor
REST, as well as for several other representative TFs (c-myc,
p53, HNF-1 and CREB), we ﬁnd surprisingly that highly-
degenerate TFBSs are enriched signiﬁcantly around the
cognate TFBS. Comparative studies of human, mouse and
rat orthologous promoters show that these highly-degenerate
sites are conserved more than expected by chance, suggesting
their positive selection during evolution. This implies that the
nonrandom distribution of highly-degenerate TFBSs very
likely contributes to a favorable genomic landscape facilitat-
ing speciﬁc target site recognition.
MATERIALS AND METHODS
Definition of proximal promoter region
The proximal promoter region was deﬁned as the sequence
from  2t o+2 kb relative to the TSS.
Collection of experimentally validated REST targets
Thirty-four unique REST target genes with experimental val-
idation from human, mouse and rat were selected for the
analyses. Orthologs of known REST target genes were also
included with stringent criteria. A putative REST target gene
was included in the dataset only if (i) it was present in human,
mouse or rat genomes; (ii) at least one orthologous gene was
experimentally validated as a REST target; (iii) the RE1 site
was conserved in sequence, location and orientation with the
experimentally validated RE1 in the orthologous gene (see
below). As a result, 85 REST target genes representing the
34 unique genes were obtained (Supplementary Table S1).
Among them, there are 22 triplets, 7 pairs and 5 singletons.
The genomic sequences from  2t o+2 kb around TSS were
extracted from UCSC genome browser (genome assembly
versions: hg17, mm5 and rn3). To date, this represents the
largestdatasetofREST target genesvalidated byexperimenta-
tion and their orthologs in human, mouse and rat genomes.
They are called the validated set in the article for simplicity.
Orthologous promoters from human, mouse and rat
Previously, we generated a mammalian promoter database
including human, mouse and rat (CSHLmpd, http://rulai.
cshl.edu/CSHLmpd2/) as described in ref. (16). This study
included all the 11370 triplets of the orthologous promoters
from human, mouse and rat.
Genomic search for RE1-like sequences
RE1-like sequences were identiﬁed using the RE1 matrix
(accession no. M00256) and the MATCH program (17),
both of which were from TRANSFAC [v9.1, http://www.
biobase.de, ref. (18)]. In the MATCH program, each matrix
was built from a set of validated TFBSs using Equation 1
Iði‚BÞ¼f i‚B
X
B
f i‚B lnð4f i‚BÞ‚ 1
where i ¼ 1,2,...,L are L positions of the motif and fiB is the
frequency of observing a base B 2 {A,T,G,C} at the position i.
Then the score of a sequence of length L can be given by
Equation 2
s ¼
X L
i¼1
Iði‚BiÞ‚ 2
where Bi is the base at the position i. The score was then
linearly scaled to 0 and 1 using the maximal/minimal possible
score for the matrix.
The default threshold for RE1s provided by MATCH was
too strict. With the ‘minimizing false positives’ option, it
reported only half of the sites which were used to derive
the matrix. We therefore modiﬁed the threshold and deﬁned
a putative RE1, referred to as a high-score RE1, by an overall
score of 0.86 or above (the core score remains the same). The
highly-degenerate RE1 is deﬁned by an overall score between
tlower ¼ 0.67 and tupper ¼ 0.86, without requirement of the core
score. The choice of the lower score is somewhat arbitrary but
represents the most relaxed constraint.
Before performing the matrix search, repetitive regions
were masked by RepeatMasker (A.F.A. Smit,R. Hubley and
P. Green RepeatMasker at http://repeatmasker.org). A rigor-
ous scheme was applied to handle overlapping counts of
occurrences as follows: overlapping occurrences were clus-
tered andonlythe onewith the highestscore wascounted.This
eliminated the possibility of over-counting caused by the
degenerate palindromic or periodic pattern of RE1 sites.
Permutation of RE1
Permutations of RE1 were used to generate random motifs
with the same information content and base composition as the
real RE1. Permuted RE1 matrices were derived from the shuf-
ﬂing of columns of the RE1 matrix. The same thresholds were
used to deﬁne high-score permuted RE1s and highly-
degenerate permuted RE1s except that no requirement on
the core score was set.
Conservation of RE1s and highly-degenerate RE1s
A number of promoters are divergent across human, mouse
and rat, which makes it difﬁcult to align orthologous promot-
ers. In this study, an RE1 site or highly-degenerate RE1 site
was deﬁned as conserved if it satisﬁed the following three
conditions. First, it occurred in all three sequences in same
orthologgroup; second,the three RE1 variants were conserved
highly in sequences among all three species (allowed diver-
gence in at most three bases, but could be divergent from the
RE1 consensus for highly-degenerate RE1s); ﬁnally, the three
variants also had similar coordinates relative to the TSS on the
same strand (location difference  400 bp relative to TSS).
This deﬁnition can avoid the difﬁculties in aligning multiple
promoters.
To measure the signiﬁcance of motif conservation, a similar
approach as described previously (8) was used, with minor
adaptations. The conservation rate p was deﬁned as the ratio of
conserved occurrences NC to the average of overall occur-
rences in human, mouse and rat, N. The conservation rate
p was then compared to the expected rate p0, which was esti-
mated using random motifs generated by permutations.
Permutations were run 10 times to obtain the average of
the conserved occurrences NC0 and the overall occurrences
Nucleic Acids Research, 2006, Vol. 34, No. 8 2239N0, permitting us to get a more robust estimation of p0. Then
the two-by-two contingency table (NC, N, NC0, N0) was tested
by c
2 test for association.
Other TFs
To test whether the nonrandom distribution of highly-
degenerate TFBSs was a general mechanism, we also chose
to look at the binding sites for c-myc, p53, HNF-1 and CREB.
As with the RE1 study, matrices were obtained from
TRANSFAC [v9.1, http://www.biobase.de, ref. (18)]. Due
to the small motif size or undeﬁned thresholds for potential
cognatesites, we didnotattempt todistinguish high-scoresites
and highly-degenerate sites for these motifs. Instead, a low
threshold was used to deﬁne the ‘relaxed’ binding site for each
TF. For c-myc, p53 and HNF-1, the enrichment of relaxed
binding sites was compared between promoters of validated or
putative target genes for the corresponding TF and CSHLmpd
promoters as a control. For CREB, the comparison was per-
formed between putative CREB binding loci in the rat genome
as selected by SACO (4) and uniformly selected random
genomic loci. The details of data collections and matrices
are listed in Supplementary Table S2. The same approach
was used to compare the conservation rate of RE1s in two
groups of sequences.
Statistical tests
To test the difference of enrichment (conservation rate) of two
groups, c
2 test was applied constructing the two-by-two con-
tingency table (19).
RESULTS
To study the nonrandom distribution of highly-degenerate
TFBSs, we ﬁrst focused on the transcriptional repressor
Repressor Element 1/Neuron-Restrictive Silencer Element
(RE1/NRSE), the binding site of RE1 Transcription Silencing
Factor/Neuron-Restrictive Silencer Factor (REST/NRSF) as a
model (20–24). The RE1 site was chosen for a number of
reasons, including (i) the important role of REST in nervous
system development and as a tumor suppressor (20–22,
25–27); (ii) the RE1 motif is relatively long (21 bp) and
conserved in validated REST target genes [see Figure 1A
and B, ref. (22) and Supplementary Table S1]; (iii) the
threshold for deﬁning a potentially functional RE1 has been
validated experimentally (22).
Genomic search for RE1s and highly-degenerate RE1s
In previous genomic searches for RE1 sites, other groups used
consensus based methods, including blast (22) and regular
expression search (24). In this study, the position speciﬁc
score matrix (PSSM) was used since it is directly related to
binding afﬁnity and is more accurate (10,28). The RE1 matrix
obtained from TRANSFAC (accession no. M00256,
Figure 1A) (18) was derived from 28 RE1s (22). The
MATCH program provided by TRANSFAC was then used
to do the genomic search (17). We also tried to reﬁne the
matrix using the 85 validated RE1s collected from the litera-
ture and produced similar results (Figure 1B). All the results
presented in this paper are based on the TRANSFAC matrix.
For our analysis, the proximal promoter region was deﬁned
as the sequence from  2t o+2 kb relative to the TSS. Searches
for RE1-like sequences were performed in the repeat-masked
promoters of 85 validated REST target genes collected from
published literature (Supplementary Table S1), as well as of
11370promoterswithorthologsinhuman,mouseandratfrom
the mammalian promoter database CSHLmpd (16). High-
score RE1s (potential cognate RE1s) are deﬁned by a motif
score of tupper ¼ 0.86 or above. This corresponds approxi-
mately to ﬁve mismatches within the consensus sequence,
which is an empirical threshold for a functional RE1 observed
from experimental data (22). This threshold included all the
experimentally validated RE1s. However, a high speciﬁcity
can still be expected because the RE1 motif is relatively
long. The estimation of false positive rate is <5% by motif
permutation experiment (see Materials and Methods, data
not shown).
The highly-degenerate RE1 was deﬁned by an overall motif
score below tupper ¼ 0.86 and above a very low threshold of
tlower ¼ 0.67. The choice of the lower bound is somewhat
arbitrary but sets a very relaxed constraint. The frequency
of highly-degenerate RE1 under this threshold is approxi-
mately one site/kb throughout the genome. Most of these
are extremely degenerate andare unlikely tohave highbinding
afﬁnity and speciﬁcity to REST.
To eliminate possible over-counting caused by the weak
palindromic or periodic pattern of RE1 sites, a rigorous
scheme for handling overlapping sites was applied. Overlap-
ping sites were clustered and only the one with the highest
score was counted.
Figure 1. Pictogram of the RE1 motif. The letters on the top of each position
represent the RE1 consensus; The height of each position reflects the informa-
tion content at that position; The relative height of a letter in each position
reflects the frequency of observing the nucelotide (48). (A) Derived from the
TRANSFAC matrix. (B) Derived from 85 validated RE1s. (C) Derived from
conserved highly-degenerate RE1s.
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Many validated REST target genes (67 of 85) have high-
scoring RE1s in the promoter regions (others have RE1s
outside the promoters). Among 11370 orthologous triplets
of CSHLmpd promoters, 562 promoters have high-score
RE1s (191 in human, 181 in mouse and 190 in rat) and
were identiﬁed as putative REST targets. The other promoters
without high-scoring RE1s were used as controls. We
compared the enrichment of highly-degenerate RE1s in the
Figure 2. Highly-degenerate RE1s are enriched in REST target genes. (A) Enrichment of highly-degenerate RE1s in promoters of validated REST target genes
(black),putativeRESTtargetgenes(red)andcontrolgenes(green).Thenumberofhighly-degenerateRE1sitesandthenumberofsequencesforeachgrouparegiven
inthechart(lower).Theenrichment(averagenumberofsitespersequence)isshowninthebar-plot.Theenrichmentissimilarinvalidatedandputativetargetgenes
(P¼0.78).Incontrast,theenrichmentissignificantlyhigherinputative(andvalidated)RESTtargetgenesthanincontrolgenes(P<10
 16).(B).Thedistributionof
GC content for the three groups of promoters. (C). Distribution of motif scores of highly-degenerate RE1s derived from the three groups of promoters are shown in
cumulative probability functions. (D) Enrichment of highly-degenerate RE1s in the three groups of genes changes as a function of the parameter tupper.( E).
Enrichment of highly-degenerate RE1s in the three groups of genes changes as a function of the parameter tlower.( F). The relative enrichment of highly-degenerate
RE1s in validated and putative REST targets normalized by the controls. The color coding in (C–F) is the same as in (A).
Nucleic Acids Research, 2006, Vol. 34, No. 8 2241validated targets, putativetargetsandcontrols.Thenumbersof
highly-degenerate RE1s in the three groups are shown in
Figure 2A. The frequency of highly-degenerate RE1s is
very similar among validated targets (4.6 sites per promoter)
and putative targets (4.6 sites per promoter) (P ¼ 0.78).
In contrast, the frequency is signiﬁcantly higher in putative
REST targets (and also in validated REST targets) than in
random controls (3.7 sites per promoter) (P < 10
 16)
(Figure 2A). The three groups of promoters have similar
GC content (validated: 52 ± 6%, putative: 53 ± 7%, controls:
51 ± 6%, reported as mean ± std) (Figure 2B). This eliminates
the possibility that the difference in site frequencies between
REST targetsandcontrolsissimplyduetothedifferenceinthe
GC content.
It was important to examine whether this enrichment of
highly-degenerate sites in validated and putative REST targets
was an artifact of parameter choices. In particular, if the upper
threshold of highly-degenerate RE1s, tupper, was too high,
a functional cognate site might also be classiﬁed as being
highly-degenerate. In this case, if the REST targets were sig-
niﬁcantly enriched in RE1s of moderately high motif scores
(but below tupper), the higher frequency of highly-degenerate
RE1s might simply reﬂect the clustering of functional cognate
RE1s in REST targets. These homotypic cis-regulatory
modules could also promote cooperative binding, thereby
improving the speciﬁcity of target site selection. Although
not tested in this study, to exclude this possibility, the distri-
butions of motif scores of highly-degenerate RE1s were com-
pared. If the validated targets and the putative targets are
disproportionally enriched with moderately high-scoring
RE1s, this would be reﬂected in the difference in the
distributions of the motif scores. The three groups, namely
validated targets, putative targets and controls, have very
similar distributions (P ¼ 0.26/0.30/0.58 between each pair,
Kolmogorov–Smirnov test) (Figure 2C). Indeed, the enrich-
ment of highly-degenerate RE1s in REST targets persists
with a wide range of different thresholds (tupper from 0.7 to
0.86, Figure 2D). In particular, when thresholds tupper ¼
0.70 and the same tlower ¼ 0.67 were used, the frequency of
highly-degenerate RE1s is still signiﬁcantly higher in
validated targets (2.43 sites per promoter) and putative targets
(2.56 sites per promoter) than in controls (2.04 sites per
promoter) (validated versus control, P ¼ 0.01; putative versus
control, P < 10
 16). Therefore, even for very degenerate RE1s,
the frequency is signiﬁcantly higher in REST targets than in
controls.
However, whenthe lower scoretlower¼0.67 isused(tupperis
ﬁxed at 0.86), the relative frequency of highly-degenerate
RE1s inREST targets and controls(4.6/3.7¼ 1.2) ismoderate,
although signiﬁcant statistically. This is because the threshold
is extremely low. We would expect many of them are random
matches and do not play functional roles. As the threshold
increases, a larger fraction of matches would not be due to
chance and more likely to be functional. This is indeed the
case. As tlower increases from 0.67 to 0.85, the relative
frequency increases from 1.2 to 2 (Figure 2F). For example,
when tlower ¼ 0.75, the relative frequency is about 1.5.
However, this threshold still deﬁnes very degenerate sites,
which are ubiquitous throughout the genome ( 0.5 sites/
4 kb, Figure 2E).
Conservation of highly-degenerate RE1s
We further reasoned that sequences conserved across species
were more likely to be functional because random mutations
were eliminated during evolution. Previous studies have
reported that functional regulatory elements tend to be con-
served when compared to a random motif or to neutral back-
ground, as is true for REST [see ref. (8) and Supplementary
Table S1]. Therefore, we focused on those highly-degenerate
RE1s conserved across species.
Due to the difﬁculty of aligning divergent promoters, our
deﬁnition of a conserved motif does not require sequence
alignment, but is derived from direct motif sequence compar-
isons. This is possible because the RE1 is relatively long.
Brieﬂy, three sites, one from each promoter in the same
orthologous triplet, are considered to be orthologous if they
have very similar motif sequences, locations relative to TSS
and the same orientation (see Materials and Methods). To
evaluate the effectiveness of our method, we ﬁrst applied
this approach to the CSHLmpd promoters to identify con-
served high-score RE1s. Among the 206/190/199 high-score
RE1s in human/mouse/rat, 76 RE1s (38%) from 74 triplets
were conserved across the three species (two triplets have two
conserved RE1s each). A complete list of the 47 genes with
existing annotations is shown in Supplementary Table S3.
Most of them are expressed speciﬁcally in neuronal cells,
which is consistent with the known role for REST. Among
them, GLRA2, GABRG2 and SYP are well established REST
targets(22,23).OtherscarrythecoreRE1motifproventohave
speciﬁc binding afﬁnity to REST in vitro by gel shift (24). Of
the 23 high-score RE1s veriﬁed to have binding afﬁnity in gel
shift, 19 sites were conserved across human, mouse and rat; in
contrast, among the seven high-score RE1s that showed no
binding afﬁnity in gel shift, only one was conserved. This
comparison suggests that functional RE1s are more likely
to be conserved than the non-functional RE1s (P ¼ 5.1 ·
10
 7). Therefore, the constraint of species conservation
greatly improves the speciﬁcity of cognate site prediction.
Further examination shows that more RE1s (48 of 76, 63%)
are located downstream of TSS, which is consistent with the
previous observation that RE1s occurs more often in the
50-untranslated region (50-UTR) (22).
After validating the method, the conservation of highly-
degenerate RE1s was examined. Three datasets representing
the experimentally validated REST targets, the putative REST
targets and the controls are constructed as follows. For the
validated targets, 22 triplets with orthologous promoters in
human, mouse and rat are used. For the putative targets, 74
triplets from the orthologous CSHLmpd promoters with con-
served high-score RE1s are used. For the controls, the triplets
of orthologous CSHLmpd promoters without high-score RE1s
in any of the three species are used. It should be noted that
high-score RE1s were removedbeforesearchingforconserved
highly-degenerate RE1s. The signiﬁcance of motif conserva-
tion is measured essentially as described previously (8). The
conservation rate is calculated from the ratio of conserved
motif occurrences to the average of overall motif occurrences
in human, mouse and rat. We ﬁrst compare the conservation
rate of the highly-degenerate RE1s in the three datasets. As
shown in Figure 3A, the conservation rate is similar for the
validated targets and the putative targets (0.117 versus 0.123,
2242 Nucleic Acids Research, 2006, Vol. 34, No. 8P ¼ 0.63). In contrast, the conservation rate in the REST
targets is signiﬁcantly higher than that in the controls,
which is 0.076 (P < 10
 16). The conservation rate is then
compared with that of random motifs which are derived by
permuting the real motif. The conservation rate of random
motifs (in all CSHLmpd triplets) is 0.053. This conservation
rate is even lower compared with that of highly-degenerate
sites without permutation in controls (P < 10
 16). Therefore,
Figure3.Conservationofhighly-degenerateRE1sandrandommotifsinhuman,mouseandrat.(A)Conservationrateofhighly-degenerateRE1sforvalidatedREST
targets(bluebar),putativeRESTtargets(redbar),controls(greenbar)andtheconservationrateofhighly-degeneraterandommotifs(blackbar).Thechart(bottom)
showsthenumberofconservedhighly-degenerateRE1sandoverallhighly-degenerateRE1sbeforeandaftermotifpermutation.Conservationrateismeasuredbythe
ratio of the number of conserved highly-degenerate RE1s to overall number of highly-degenerate RE1s. The conservation of highly-degenerate RE1s is similar in
validatedandputativeRESTtargets(P¼0.63).Incontrast,highly-degenerateRE1sinRESTtargetsaresignificantlymoreconservedthanthoseincontrolpromoters
(P<10
 16),whichareinturnsignificantlymoreconservedthanrandommotifs(P<10
 16).(B–E)Distributionofthelocationofhighly-degeneratemotifsrelativeto
TSS.(B)Overallhighly-degenerateRE1s.(C)Overallhighly-degeneratepermutedRE1s.(D)Conservedhighly-degenerateRE1s.(E)Conservedhighly-degenerate
permuted RE1s.
Nucleic Acids Research, 2006, Vol. 34, No. 8 2243the conservation of the highly-degenerate RE1s in the REST
targets has a  50% increase compared with the control pro-
moters and a  120% increase compared with random motifs.
The distribution of highly-degenerate RE1s and conserved
highly-degenerate RE1s with respect to TSS is shown in
Figure 3B and D. The distribution of permuted RE1s is also
shown in Figure 3C and E. There was a peak of occurrence
frequency near TSS, partially due to the fact that RE1 is a GC
rich TFBS and the statistical elevation of GC content around
TSSs (29). However, the peak of highly-degenerate RE1s was
signiﬁcantly higher than that of the permuted version. More-
over,thepeak ofthehighly-degenerateRE1s wasshiftedtothe
downstream of TSS, which is consistent with the distribution
of validated RE1s and barely seen in the permutations. Under
the constraint of conservation, most of the occurrences far
from TSS are automatically eliminated. These observations
taken together suggest that the highly-degenerate RE1s are
positively selected and ﬁxed during evolution. Therefore,
they are likely to play important roles in protein–DNA inter-
actions and transcriptional regulation. The motif pictogram
derived from the conserved highly-degenerate RE1s is
shown in Figure 1C.
Experiments with other TFs
The results detailed above are based on REST and its binding
element RE1. However, they point to the importance of the
unique landscape provided by highly-degenerate binding sites
as another general mechanism for protein–DNA interactions.
To assess this probability, we examined the distribution of
highly-degenerate binding sites for several other representa-
tive TFs including c-myc, p53, HNF-1 and CREB. These TFs
have distinct functional roles and are expressed in a variety of
different tissues. The binding sites for these TFs also differ in
terms of their motif characteristics including palindromic
pattern, motif size and base composition. We did not attempt
to distinguish high-score sites from highly-degenerate sites for
these motifs for reasons explained in Materials and Methods.
Instead, a very low threshold was employed to deﬁne ‘relaxed’
binding sites for each TF (Supplementary Table S2). To cor-
rect for the fact that a larger fraction of promoters which are
the targets for a TF are expected to bear corresponding TFBSs
than control promoters, the enrichment of relaxed TFBSs was
measured using only promoters carrying corresponding
relaxed sites. Therefore, the enrichment here measures only
the clusteringeffectofrelaxed sites.ForalloftheseTFstested,
highly-degenerate binding sites were signiﬁcantly more
enriched in the promoter region of validated or putative target
genes (for p53, c-myc, HNF-1) or around potential in vivo
binding sites (for CREB) than expected by chance
(Figure 4). Therefore, the enrichment of highly-degenerate
sites around cognate sites is not speciﬁc for REST binding
sites and is likely to be a general phenomenon (at least) in
mammalian genomes.
DISCUSSION
Due to the relative short length of TFBSs, it is unclear how the
robustness and efﬁciency of TF-DNA (or more generally,
protein–DNA) interactions is achieved. The local genomic
context around the cognate binding site allows for combina-
torial regulation and epigenetic modiﬁcations, which have
been shown to be important for regulating functional activity.
In this study, we ﬁnd that the highly-degenerate TFBSs are not
distributed randomly but rather are enriched signiﬁcantly
around the cognate sites. They are also conserved across
species suggesting the evolutionary selection pressure.
These ﬁndings suggest that the highly-degenerate TFBSs
play important roles in the accurate and efﬁcient recognition
of the cognate site. Several possibilities, which are not nec-
essarily mutually exclusive, can be envisioned to explain the
functional importance of the TFBS sites. For example, in one
scenario, they could serve as ‘backup’ sites, which could be
activated if the cognate site was mutated (30). The extreme
degeneracy of these TFBSs, however, likely precludes their
ability to interact speciﬁcally with TFs. In another scenario,
multiple copies of TFBS close to each other could form a
homotypic cis-regulatory module, which could interact with
multimerized TFs. In this case, all copies would have a rela-
tively high motif score and would be separated by relatively
small distances. This scenario does not explain the observation
that highly-degenerate TFBSs can extend hundreds of base
pairs beyond cognate sites (data not shown). Additionally,
not all TFs function as multimers. For example, there is no
evidence that REST can multimerize with itself to facilitate
cooperative binding.
We postulate that the nonrandom distribution of highly-
degenerate TFBSs throughout the genome provides a unique
and favorable genomic landscape for facilitating a protein’s
ability to identify its cognate binding site. In some cases, the
importance of highly-degenerate sites clustering around cog-
nate sites has been validated experimentally. For example, the
promoters of several REST target genes contain multiple RE1
sites with varying homologies to the consensus and the clus-
tering of these sites appears to enhance REST occupancy
(24,31,32). Qiang et al. (31) demonstrated further that deletion
of the secondary, highly-degenerate RE1 sites partially dere-
pressed the target gene. This hypothesis takes on more sig-
niﬁcance with regard to the advances in theoretical modeling
of protein–DNA interactions over the past two decades. The
canonical view of molecular interactions is 3D diffusion.
Protein is frequently released from the DNA, diffuses in solu-
tion and then rebinds to another genomic locus. However, the
rate of target site recognition measured experimentally by
Riggs et al., in the case of LacI repressor and its operator
on DNA, is 1000 times faster than the theoretic limit imposed
by the 3D diffusion model (33,34). To resolve this discrep-
ancy, the ‘sliding’ model was proposed (35–37) and later
received experimental support (38). In this model protein
walks forward or backward along the DNA without disasso-
ciating from the DNA. Recently, several groups suggested that
optimal search efﬁciency is achieved by a combination of
sliding and 3D diffusion (39–41). According to these models,
protein contacts DNA with low afﬁnity, quickly scans a DNA
segment and then hops to other random loci until the target site
is successfully located. This was experimentally validated to
be true at least in a particular case (42). Our ﬁndings of the
nonrandom distribution of highly-degenerate TFBSs are con-
sistent with these recent results and provide a possible mecha-
nism of TF-DNA or protein–DNA interactions. Compared
with the 3D diffusion model, the local context of highly-
degenerate binding sites is more crucial for sliding models
because of synergistic effects. Highly-degenerate binding
2244 Nucleic Acids Research, 2006, Vol. 34, No. 8sites near cognate TFBSs may slow down the protein sliding
process as the corresponding TFs approach the binding loci,
which could help enrich the concentration of TFs within the
neighborhood. At the same time, the interaction between TFs
and their highly-degenerate binding sites may also alter the 3D
conformation of protein and/or the DNA, thus changing the
accessibility of the cognate sites. However, more experimental
evidence is required to conﬁrm this theory.
In addition to contributing to a mechanistic understanding
of protein–DNA interactions, this study has another potential
important application. Current TFBS prediction algorithms
suffer greatly from a high rate of false positives. Incorporation
of sequence context information generally improves predic-
tion accuracy (43–47). The nonrandom distribution of highly-
degenerate sites is another source of information for these
algorithms.
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